There are countless reports of innovations and novel behavior patterns spreading through both human and animal populations (Laland & Galef, 2009; Lefebvre 1995a Lefebvre , 1995b Reader, 2004; Rogers, 1995; Zentall & Galef, 1988) . The mathematical function describing the cumulative number of individuals that have acquired a learned trait plotted against time is known as a diffusion curve. In recent years, researchers have expressed differing opinions on whether the characteristic shape of a diffusion curve is potentially a reliable diagnostic of the form of learning underlying the spread of a learned trait. Rogers demonstrated that many thousands of cases of the spread of innovations through human populations exhibit a sigmoidal, or S-shaped, cumulative adoption pattern. In the human innovation literature, such curves are generally assumed to be the product of social learning processes, since individual adopters copy the behavior of others (Rogers, 1995) . In such cases, an S-shape is often thought to result because the probability of adoption is a function of the number of both naive and informed individuals (Boyd & Richerson, 1985; Henrich, 2001) . Using mathematical models, Henrich argued that asocial (environmental) learning alone never produces S-shaped curves, and therefore that S-shaped dynamics must imply that social learning, based on biased cultural transmission, underlies the spread of the trait. This reasoning suggests that researchers only require a record of the cumulative number of individuals to have acquired a behavioral trait over time, in order to infer the presence or absence of social learning. Such data have the advantage that they are relatively easy to collect, as evidenced by numerous diffusion studies of this kind on humans and animals (see Rogers, 1995, and Reader, 2004 , respectively, for reviews).
THe effecT of Task sTrucTure on THe dIffusIon curve WITH asocIal learnIng
Where there are a number of steps required to solve a task, the cumulative diffusion curve may be S-shaped, even if individuals learn the tasks asocially (J. R. Kendal, 2002) . For example, an extractive foraging task might require removal of tree bark, followed by digging into the tree cortex, to retrieve insect prey. Similarly, in humans, the manufacture of a composite tool might require learning separately to manufacture the component parts. Here, we investigate more fully the effect that task structure can have on the diffusion curve in the absence of social learning.
linear n-step Task
We define a linear n-step task to be one in which the learner moves progressively from one state to another, starting in state 0, and finishing in state n, the latter corresponding to solution of the task (see Figure 1A ). Transitions between states could represent movements in the environment (e.g., moving to the task), manipulations of the environment (e.g., removal of tree bark), or changes in an individual's internal state (e.g., overcoming neophobia). We model a linear n-step task as a continuous time Markov chain, where an individual moves from state k21 to k at rate l k . Under purely asocial learning, individuals solve the task independently of one another, and so the expected diffusion curve is the cumulative density function (henceforth CDF) for the time (T ) taken to reach state n.
We begin with the special case in which n 5 1 (a task requiring only one step to solution), which allows us to assess the effect of variation in the rate of learning. Appendix 1 (in the supplemental materials) establishes that the CDFs are r-shaped, and that the magnitude of the variance in asocial learning ability has little impact on the shape of this curve. To some extent, this alleviates Lefebvre's (1995a) concern that variation in asocial learning ability might generate an S-shaped cumulative curve. However, matters become more complex for n . 1 (see Appendix 2, supplemental materials). The general pattern is that as the number of steps in the task increases, the curve becomes more and more S-shaped. This effect is most pronounced when the steps occur at an equal rate (l), in which case the CDF for T follows that of the gamma distribution with rate parameter l and shape parameter n. Conversely, where one step (D) dominates the process (l D ,, l kD ), the curve becomes more r-shaped, with the CDF for T converging on an exponential distribution with rate parameter l D (see Figure 2A) .
In summary, a linear n-step task will result in an S-shaped diffusion curve as a result of entirely asocial learning, unless the rate of learning each step is highly asymmetric.
resetting n-step Task
We now consider tasks that can "reset" to their initial state (0) at any stage of the diffusion process (see Figure 1B) ; we term this a resetting n-step task. Resetting could occur if individuals leave the task, either because they "give up" or are displaced by another individual. This can only result from social learning processes, and Lefebvre (1995a) considered this possibility. However, other researchers have questioned, or cautioned against casual interpretation of, this claim (Laland & Kendal, 2003; Lefebvre, 1995a; Reader, 2004) , suggesting that variation among asocial learners, or population structure, could generate accelerating functions through asocial processes alone. Lefebvre (1995a, p. 236) suggested that "trial-and-error learning could be characterized by a cumulative S-shaped curve at the population level if individual variation in learning latency were normally distributed," giving the false impression that social interaction underpins the diffusion. J. R. Kendal (2002) and Reader (2004) suggested that directed social learning can result in a step-shaped function, with acceleratory component parts. For instance, a novel behavior may spread more rapidly within than between family groups (Fritz, Bisenberger, & Kotrschal, 2000) and appear to generate step-like cumulative curves. Furthermore, Laland and Kendal (2003) and Reader (2004) argued that, under other circumstances, social learning might lead to curves that either are, or may appear to be, deceleratingfor instance, where researchers fail to detect rare cases early in the diffusion.
Currently, formal analyses of the effect of variation in performance and population structure are lacking, leading to uncertainty as to the validity and seriousness of the aforementioned concerns. Conceivably, social learning processes may typically generate S-shaped curves, and asocial learning processes lead to r-shaped curves, in spite of the impact of these factors, which would lead to the conclusion that diffusion curve analyses have been prematurely dismissed. Conversely, these concerns may be validated by formal theory, in which case some interpretations common in the human innovation literature would be challenged (e.g., Henrich, 2001) . Moreover, such validation would naturally lead researchers to ask whether the concerns apply equally to other diagnostic tools currently being used to detect social learning using diffusion data. One newly developed approach is network-based diffusion analysis (NBDA; Franz & Nunn, 2009 Hoppitt, Boogert, & Laland, 2010) , which endeavors to isolate social learning by monitoring whether information flows along pathways of association in a social network.
Below, we develop simple statistical models to address these issues. We begin by deploying a continuous time Markov chain model to investigate the shape of the cumulative adoption curve for a task that requires asocial learners to progress through n linear steps to reach the solution, and where individuals vary according to their performance. We go on to consider the effects of individuals abandoning the task-for instance, if they find the task too difficult, or are displaced by other individuals-as well as the impact of reinforcement for learning subgoals, and the effect of neophobia diminishing with time. We then move on to consider the same factors among individuals who acquire the task through social learning. We end by discussing the likely significance of these factors for diffusion curve and NBDA.
The effects of subgoal learning
If we assume that learning occurs only through direct reinforcement, and that reinforcement occurs only when the task is solved, the resetting n-step task described above is an appropriate model for the time to first solve the task by asocial learning. However, individuals might be sensitive to reaching subgoals, and are intrinsically reinforced for doing so. This would mean that reaching state k increases the future rate at which an individual moves from state k21 to k (l k ). To model this, we assume that learning occurs by a Rescorla-Wagner (1972) learning rule, where a transition to state k changes the future transition rate l k , as
where l max,k is the maximum transition rate l k for fully "informed" individuals, and a determines the rate at which learning occurs.
Since this model is difficult to solve analytically, we used simulations to investigate the effects of subgoal learning on diffusion curves. We took n 5 4, l k (0) 5 1, l r 5 4, and varied the value of a from 0, 0.1, 0.2, . . . , 1 and l max,k as 1, 4, 10, and 20. Simulations proceeded as follows.
1. Set k 5 0, l 1 5 l 2 5 l 3 5 l 4 5 1, and t 5 0. 2. Simulate two random numbers, P from an exponential distribution with rate l k11 and R from an exponential distribution with rate l r 5 1. 3. If P # R, increment t by P, k by 1, and then l k by a(l max,k 2 l k ). 4. If P . R, increment t by R and set k 5 0. 5. If k 5 4, stop and store the value of t, else return to Step 2.
We ran 10,000 simulations for each combination of parameter values. The results (see Figure 3 ) reveal that as the rate of subgoal learning, a, and the resetting rate, l max,k , could cause resetting if the task is likely to be lost (e.g., a prey item runs away, a fruit is stolen by another individual), meaning an individual has to find a new task item, or if the nature of the task means it switches back to its initial state when left. If the task can usually be returned to in the same state it was left in, the linear n-step task model remains appropriate. Another way in which resetting could occur is if an incorrect manipulation resulted in the task object being ruined (e.g., a tool is damaged during its manufacture; Holzhaider, Hunt, & Gray, 2010) , meaning that the individual has to seek a new task object in its initial state.
Here, we model a resetting n-step task as a continuoustime Markov chain similar to that used for the linear case, with an extra set of transitions from states 0 . k . n to state k 5 0, which occur at rate l r (see Figure 1B) . This model assumes that the rate at which individuals move to a state, k, is not influenced if they have already reached state k at a previous time in the diffusion. This assumes that no learning occurs before an individual's first final solution of the task, which is consistent with the idea that learning only occurs through direct reinforcement occurring through solution of the task. Later, we go on to consider how other learning processes might alter the process. The analytical derivation of the results for the resetting n-step task are given in Appendix 3 (supplemental materials). The general pattern is that, as the rate of resetting, l r , increases, the diffusion curve becomes more r-shaped, with the CDF for T converging on that of the exponential distribution (see Figure 2B ). Note that the linear n-step task is a special case of the more general, resetting n-step task with l r 5 0.
This analysis suggests that the expected shape of a diffusion curve resulting from asocial learning is highly influenced by the dynamics of the task-solving process, which might depend not only on the nature of the task itself but also on the context in which it is solved (e.g., the likelihood of being displaced by a competitor, as seen in the study of Lemur catta by R. L. . task more, increasing some or all of the transition rates l k (t) between task steps. Here we consider a simple 1-step task in which the rate of transition from naive to informed is a function of time, l 1 (t). We can derive the CDF for the process by solving the equation
where F(t) is the CDF for the time to solve, T, and F(0) 5 0 (Cox & Oakes, 1984) . We first consider a linear increase in the transition rate
where l initial is the initial transition rate and g is the rate at which it increases over time (see Figure 4A ). This results in the CDF
(see Figure 4B) . Alternatively, the effects of neophobia could die away to a baseline rate of transition, for which an exponential model seems appropriate:
where l baseline is the baseline transition rate in the absence of neophobia, w is the reduction in rate due to neophobia at t 5 0, and ρ determines the rate at which neophobia dies away (see Figure 4A ). This results in the CDF
(see Figure 4B ). As can be seen in Figure 4 , both approaches to modeling neophobia result in an S-shaped diffusion curve.
THe Influence of socIal learnIng on dIffusIon curves
We now consider how factors such as task structure affect the diffusion curve for a socially transmitted trait. We model social learning as operating on a varying number of steps, which we feel is likely to reflect the diversity of social learning mechanisms in nature. For example, local enhancement operates only to attract an individual to the task, but observers learn the task by asocial means once they are there. This is likely to result in an increase in rate for only one step. In contrast, some processes, such as production imitation (see Byrne, 2002) , result in learning of the entire motor pattern necessary to solve the task. This might result in a simultaneous increase in all, most, or just the later steps associated with a task. We also envisage that in reality a number of "simple" social processes might operate in concert to influence an intermediate number of steps. We assumed that, for each step affected, the rate of transition was a linear function of the number of demonstrators in the population; that is,
where d(t) is the proportion of demonstrators at time t, and s is the additive effect each additional demonstrator has on the rate of transition to
Step k.
increase, the diffusion curve becomes more S-shaped, becoming more similar to the diffusion curve for a linear 4-step task. Indeed, the curve will be identical to the linear 4-step task when a 5 1 and l max,k 5 . The analysis indicates that even when we know the resetting rate is high for a task, we might still get an S-shaped diffusion curve through asocial learning.
reduction in neophobia
Another asocial process that might plausibly influence the shape of the diffusion curve is a reduction in neophobia over time, causing individuals to interact with a novel .7
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Step ratio We ran the model for a 1-step task, a linear 4-step task (l r 5 0), and a resetting 4-step task (l r 5 4). We found that in all cases, regardless of which social learning process was modeled, social learning caused the diffusion curve to become more S-shaped, as a result of the effect of an increasing number of demonstrators throughout the diffusion. Although the curves became more S-shaped as s increased, the strongest effect on shape was the number of steps on which social learning operated (see Figure 5 ).
To investigate the influence of social learning on the diffusion curves, we used simulations, since in most cases analytical results are difficult to obtain. We simulated a fixed population size of 100 individuals for tasks of n steps with a resetting rate of l r . To do this, we used the following procedure. where a(t) 5 υd(t) and 0 # υ # 1. This means that an individual's ability to recognize a subgoal was a linear function of the number of demonstrators in the population.
social learning of subgoals
Another mechanism postulated to account for cases of social learning is emulation, whereby observers attempt to re-create the results of the demonstrator's behavior (Tomasello, 1990) . One way in which emulation might work is by allowing observers to recognize subgoals which they would otherwise not be able to recognize when they achieve them, thus reinforcing the behavior leading to that subgoal (note that, as with asocial subgoal learning, this process could operate only on a resetting task). We simulated this process as described above, but we also tracked each individual, i's, rate of transition to state k, l k,i . We incremented this when individual i reached state k at time t, according to tive null hypothesis. Unfortunately, our analysis suggests that such attempts are likely to be misleading, since processes such as neophobia and subgoal reinforcement are likely to make the diffusion curve more S-shaped, resulting in false positive reports of social learning.
In our analysis, we suggest that different social learning mechanisms are likely to affect diffusion dynamics in different ways, by altering the different rates of transition within the task or by allowing an individual to learn about task subgoals. However, we find that the overall effect of different psychological mechanisms on the diffusion curve is always qualitatively similar: All social learning processes make the diffusion curve more S-shaped. Therefore, we suggest that it is unlikely that social learning mechanism can be inferred from a diffusion curve alone, even if a researcher were able to uncover the shape of the diffusion curve in purely asocial conditions. However, our models suggest that one might study social learning mechanism from detailed diffusion data in which each individual's movements between states (e.g., naive to knowledgeable/ at proximity or distance from a task) is tracked, and modeled as a function of the presence of demonstrators (e.g., J. R. Kendal, R. L. Kendal, & Laland, 2007) .
Our findings reinforce the view that diffusion curve analysis is not a reliable way of detecting social transmission (Reader, 2004) , and raise questions about whether the S-shaped curves reported for the spread of human innovations (Rogers, 1995) can legitimately be viewed as resulting from biased cultural transmission (Henrich, 2001 ). The models presented here make the assumption that populations are "well-mixed," in that all individuals are equally likely to interact with each other; this assumption is also made by standard diffusion curve analysis. 1 Other analyses suggest that violations of this assumption can also result in inflated Type I errors for social learning and call for the need for methods that take this heterogeneity into account (Franz & Nunn, 2009 ). Our analyses suggest that even if the "well-mixed" assumption is upheld, the use of the shape of diffusion curves to draw inferences about the underlying learning processes is unreliable, and we caution against this practice. In our judgment, alternative methods for detecting social learning, such as the option-bias method (R. L. R. L. Kendal, J. R. Kendal, Hoppitt, & Laland, 2009) , analyses of the relationship between behavioral similarity and measures of association (Matthews, 2009; Whitehead, 2009) , analyses of the spatial spread of a trait (Lefebvre, 1995b) , and NBDA (Franz & Nunn, 2009 Hoppitt et al., 2010) , offer greater promise (see Kendal, Galef, & van Schaik, 2010 , for a summary of methods). However, our analysis also suggests that other methods of analyzing diffusion data, such as NBDA, might also be vulnerable to Type I errors, unless one takes the possible effects of task structure, neophobia, and the like into account, an issue to which we now turn.
IMplIcaTIons for nBda
Alternative methods are beginning to emerge for detecting social transmission using diffusion data and are reWe found that, as with other types of social learning, emulation made the curve for a resetting task more S-shaped (see Figure 6) . Here, the equivalent linear n-step task (with l r 5 0) sets an upper limit on how S-shaped the curve could be, corresponding to l max 5  and υ 5 1. This indicates that the change in curvature due to emulation might reflect the number of subgoals the observer is able to learn from the demonstrators' behavior.
IMplIcaTIons for dIffusIon curve analysIs
Taken together, our results strongly suggest that, even with prior knowledge of the nature of the task or innovation, it would be hard for researchers to infer whether a diffusion curve resulted from asocial or social processes. Even a 1-step task acquired through asocial learning, which our analysis suggests would otherwise exhibit an r-shaped cumulative diffusion curve, might have an S-shaped curve if there is a reduction in neophobia of the task over time, or some other process with an equivalent effect. Likewise, a frequently resetting n-step task will also have an S-shaped asocial diffusion curve, if attaining subgoals reinforces each individual's behavior.
Social learning can influence the shape of a diffusion curve, typically generating or enhancing S-shaped patterns. However, a social influence will remain difficult to detect in a single diffusion curve unless researchers know what the expected diffusion curve would be under asocial learning alone. In principle, researchers could make the case that a specific task has a relatively high rate of resetting, and that, consequently, the asocial diffusion curve would be r-shaped, or might attempt to quantify the maximum number of steps involved in the task as a conserva- l 0 (t), can be fitted to the data, allowing one to control for such effects in detecting social transmission. Our analysis above indicates that the obvious candidate is the gamma distribution, for which the CDF becomes S-shaped as the shape parameter increases. We would expect the gamma distribution to be exact for a linear n-step task, with equal step transition rates, in the absence of neophobia, and so on. Therefore, instead of fitting a single parameter for the constant baseline rate, we fit two parameters determining the shape of the baseline rate function. We find that this modified version of TADA has an appropriate Type I error rate and is still able to detect social learning from data simulated from our n-step task model (see Appendix 5, supplemental materials).
conclusIon
The primary function of the mathematical models presented here was to assess whether the shape of the diffusion curve can be used as a diagnostic tool for detecting social learning, as has often been assumed in both the human and animal literature (see, e.g., Rogers, 1995; Roper, 1986) . We conclude that, even if the assumption of a well-mixed population with no spatial heterogeneity in resources is accepted, the use of diffusion curves remains problematic, since S-shaped curves can arise through a number of plausible asocial processes. We also conclude that alternative methods for detecting social learning from diffusion data, such as NBDA, need to be formulated in a way that controls for this effect.
